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Abstract: Establishing an accurate finite element (FE) model that faithfully replicates the nonlinear behavior of steel-
concrete composite girder bridges is crucially important for effective model-based structural health monitoring (SHM) for
this specific bridge type. While Bayesian model updating methodology has gained widespread acclaim for its application
in data-driven FE models, apprehensions have emerged regarding the rationality of the updated model parameter values.
These concerns predominantly stem from the use of oversimplified FE beam models in model updating studies. This study
addresses these concerns by introducing nonlinear constitutive models for the steel—concrete composite girder bridge, as
well as comprehensive and detailed three-dimensional (3D) FE model updates. Key parameters for nonlinear constitutive
models were estimated based on structural responses obtained from a large-scale static loading test. Bayes’ theorem was
employed to infer posterior probability density functions (PDFs) for the model parameters. A Transitional Markov Chain
Monte Carlo (TMCMC) sampler was used as a computational tool to generate samples for representing the posterior PDFs.
A two-step model updating approach designed to achieve a balance between computational efficiency and simulation
accuracy was proposed in the context of nonlinear model updating. Initially, deflection and neutral axis height data were
used to update the linear segment of the constitutive model. Load—deflection curves were then used to update the nonlinear
segment. Following the model updating with deflection and strain data, the nonlinear simulation results showed improved

comparability to the measured data, indicating significant improvement of the model accuracy. Furthermore, the model



update effectiveness was cross-verified successfully by comparing load—strain curves of concrete and reinforcing bars

obtained during the experiment. The updated model showcases its capability for structural performance evaluation and its

potential application in the domain of SHM.

Author Keywords: Steel—concrete composite girder bridge, Bayesian model updating, Finite-element model, Nonlinear

constitutive model, Sampling.

Introduction

Steel—concrete composite girder bridges are extensively applied in urban viaducts due to their favorable construction

convenience (Martinez-Mufioz et al. 2020). The development of high-fidelity finite element (FE) models holds significant

importance for enabling the monitoring and maintenance of this bridge type. The inclusion of both steel and concrete

materials in the cross-section, along with the complex connections at the steel—concrete interface, poses a challenge for

the simplified single-beam model to accurately capture the mechanical behavior of steel-concrete composite girder bridges,

particularly in terms of nonlinear mechanical behaviors (Xu et al. 2018). With advancements in FE method and computer

performance, researchers have increasingly employed three-dimensional (3D) structural models featuring shell or solid

elements and sophisticated nonlinear material constitutive models for simulating and evaluating the structural performance

of steel-concrete composite girders (Tang et al. 2023). Nevertheless, models based on design drawings and nonlinear

constitutive models derived from material coupon tests may still exhibit errors in accurately simulating overall structural

behavior (Simoen et al. 2015). For example, the elastic modulus and material strength obtained from standard material

coupon tests represent nominal values that may not accurately reflect the actual properties of full structural members.

Discrepancies between these values can result from factors like scale differences, variations in test conditions, and inherent

material property variability. When measured structural responses are available, structural models can be updated to

improve accuracy.

Model updating methods can be categorized into deterministic and probabilistic approaches, depending on whether



they incorporate the quantification of uncertainty. Deterministic methods (Ren et al. 2011; Ribeiro et al. 2012; Wang et al.

2016; Lin et al. 2021) are designed to identify the numerical model parameters that produce the best fit between the

observed data and model output. Although deterministic methods have shown considerable progress, they still include

limitations that can be overcome by probabilistic approaches (Beck 2010). A notable shortcoming of deterministic methods

is their emphasis on seeking a single optimal solution, which can pose challenges to solving locally identifiable or

unidentifiable inverse problems. In fact, because uncertainty is an inherent aspect of reality, addressing uncertainty is a

valuable and potentially necessary undertaking in model updating (Song et al. 2018).

During the last two decades, a notable shift has occurred toward probability-based model updating, primarily because

of the introduction of Bayesian model updating (Beck and Katafygiotis 1998). Bayesian model updating methods provide

a logical solution for addressing the earlier described issues using Bayesian inference to estimate the posterior probability

density function (PDF) of uncertain model parameters, considering the available measured data and modeling assumptions.

Beck and Au (2002) used Markov Chain Monte Carlo (MCMC) simulations to improve the accuracy of structural response

predictions and performance reliability. Beck and Yuen (2004) proposed a Bayesian probabilistic approach to ascertain the

most plausible model class for a given structural or mechanical system from a set of available model classes. Muto and

Beck (2008) implemented Bayesian model updating and model class selection for hysteretic models. Additional

investigations of this topic can be found in many reports of the relevant literature (Mustafa and Matsumoto 2017; Betz et

al. 2018; Zhou et al. 2022). In addressing real-world systems characterized by multiple parameters, the computation of

joint and marginal PDFs requires the handling of high-dimensional integrals. Therefore, researchers frequently resort to

approximate methodologies and sampling techniques to estimate posterior PDFs, with the MCMC method and its diverse

variants emerging as prominent choices (Lye et al. 2021; Yang et al. 2022). These variants encompass but are not restricted

to the Delayed-Rejection Adaptive Metropolis-Hastings MCMC, the Adaptive MCMC, and the Transitional MCMC

(TMCMC) (Simoen et al. 2013).

Previous investigations into Bayesian model updating have predominantly relied on validation through numerical cases

or simplistic structures with elastic model analyses (Shi et al. 2019; Malekghaini et al. 2023). However, limited attention
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has been devoted to the exploration of large-scale and intricate bridge structures, particularly within the realm of nonlinear

model updating (Xia et al. 2020; Zhang et al 2021; Ramancha et al. 2022). In existing studies, the fine-tuning of nonlinear

model parameters aims to establish an agreement between simulated responses and experimentally measured data (Wang

et al. 2021; Xiao et al. 2023). Nevertheless, the oversimplification of FE models raises concerns regarding the rationale

behind updated parameter values. The elastic modulus and the area moment of inertia are often combined in structural

analysis, commonly referred to as flexural stiffness (£7). When a concrete structural member enters the nonlinear stress

state, cracks begin to form, leading to a decrease in flexural stiffness. To avoid frequent adjustments to the cross-sectional

shape during model updating, the elastic modulus is typically used as the updating parameter rather than the area moment

of inertia. In the design of complex bridge structures according to design codes, FE models often employ conservative

estimates of the cross-sectional properties of the main girders to ensure structural safety. In these simplified beam models,

the cross-sectional properties of the main girders can be inaccurately represented. As a result, the posterior distribution of

the elastic modulus estimated during the FE model update tends to capture various effects that are not explicitly modelled

in the FE model, effectively compensating for the limitations of other fixed parameters. In such situations, the updated

elastic modulus typically differs from the material’s true value significantly (Vereecken et al. 2022). Given the frequent

existence of multiple potential solutions in the inverse problem, the forced correction of model parameters may result in

an FE model incapable of faithfully reproducing various other structural responses. For example, an FE model updated

solely based on modal parameters may struggle to predict displacement responses accurately. Addressing these challenges

requires a realistic representation of the structure’s geometric features. Additionally, cross-validation of the calibrated FE

model using data from multiple sources is essential to ensure its reliability.

Modeling a real-world bridge is highly complex, especially when incorporating a 3D FE model and nonlinear material

constitutive models. Ensuring computational convergence is imperative for the nonlinear solution, and the time-consuming

nonlinear analysis significantly amplifies the computational burden associated with Bayesian model updating. Therefore,

the utilization of 3D refined FE models for Bayesian model updating constitutes a challenging yet valuable endeavor to

improve the fidelity of the model analysis. The objective of this study is to update the nonlinear constitutive models for a
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large-scale steel-concrete composite girder bridge. This updating will be accomplished using a Bayesian probabilistic
approach along with the TMCMC sampler, using measurements of deflection and strain from the static loading test. To
strike a balance between computational efficiency and simulation accuracy, a two-step model updating approach is
proposed for the comprehensive 3D FE model. While the case study presented in this paper centers on the steel-concrete
girder bridge, the outlined research framework is versatile. It can be applied to diverse structures, facilitating the creation
of high-fidelity FE models. This paper comprises six sections, including the introduction in Section 1. Section 2 provides
an overview of the Bayesian inference methodology and the TMCMC sampler. Section 3 introduces the experiment and
the refined FE model used for the case study. Section 4 presents details of the procedure for updating the parameters of the
linear model. Section 5 describes the updating process of the nonlinear segments within the constitutive models and the

cross-verification of the updated FE model. Lastly, Section 6 provides concluding remarks.

TMCMC-based Bayesian Model Updating

Bayesian Inference

Given a forward model of a physical system M, uncertain model parameter vector @ € RVé, and fixed model parameter
vector x, the system output vector with noise can be expressed as presented below.
D=Mx,0)+e (D
where e € RV¢ denotes the error term which results from measurement errors and model uncertainties.
When a set of independent observations becomes available, the posterior PDF for the parameters of interest can be

inferred using Bayes’ theorem.

P(D|6) - P(6)

P(6|D) = P(D)

@

In the equation, P(D) represents the evidence of system response D. Also, P(D) = [ P(D|0) P(6)d6, P(8) denotes the
prior PDF, and P(D|0) represents the likelihood function. In this study, a uniform distribution is assumed for the prior

PDF of model parameters.



Under the assumptions that the measurements D;, (for /=1, ..., n) are independently and identically distributed (iid),
and that the error e between the observation and the model follows a zero-mean Gaussian distribution (normal distribution)

with fixed variance, the likelihood function for model updating is expressed as shown below (Zhang et al. 2017).

n
PDIB) = | [ P(D4I) = coe @2 &)

k=1
Therein, /,(6) denotes the goodness-of-fit function used to minimize errors, o? stands for the variance of Gaussian

distribution, and ¢, denotes a normalized constant.

Transitional Markov Chain Monte Carlo (TMCMC) Sampler

The principle of Transitional Markov Chain Monte Carlo (TMCMC) involves the generation of intermediate PDFs in a
series that progresses from the prior PDF to the posterior (target) PDF. This approach is adopted because of the
considerable difficulty of direct sampling from complex target distributions (Betz et al. 2016). TMCMC offers improved
efficiency for handling sampling difficulties associated with higher-dimensional PDFs. The transitional distributions are

defined specifically as presented below.

P/ « P(D|0)Pi - P(0) 4)

where j denotes the transition step number, and f; signifies the tempering parameter, which takes values such that f, =
0< By <Py <--<Pm=1.1Itisnoteworthy that P® = P(@) denotes the prior distribution and P™ = P(@|D) denotes

the posterior distribution.

A crucially important aspect of the TMCMC sampler is the determination of the transition step size, denoted as AB; =
B; — Bj-1, at each transitional step j. To identify the optimal value of A}, Ching and Chen (2007) proposed maintaining
the coefficient of variation (COV) of the value set P(D|9j,k)Aﬁj as close to 100% as achievable. The COV of

P(D|0j,k)Aﬁj is defined as shown below.



o (P(D|0j,k)ABj )
u (P(D|0j,k)Aﬁj)

cov(p;) = (5)

In that equation, ¢ (P (D|0j,k)Aﬁj ) and p (P (D|9j,k)ABj ) respectively denote the standard deviation and mean of the

value set P(D|9j,k)ABj (for j=1,...,m, k=1, ..., N). Once C OV(B]-) is obtained, the value of f; can be determined from

Bj-1 using the argument which minimizes the absolute difference between C OV(B]-) and vy (i.e. 100%), as shown in
Eq. (6).
B; = argming {|COV(B;) — vc[} (6)

The statistical weight function which describes the importance weight assigned to each sample 6 in the current

iteration is defined as presented below.

p (D|9j.k)ABj
A, P(D]6;)"”

w(8)x) = (7)

Then, 6; ) is resampled from the sample set obtained in the earlier transitional step with probability of W(Oj, k).

The decrease in the number of distinct samples in 6} which occurs as the transitional step number increases because
of resampling is undesirable. To address this issue, the samples undergo perturbation using the Metropolis—Hastings (MH)
sampler, wherein the stationary PDF is set to P(8|D)/*. More precisely, with a probability of W(Gj,k), a Markov chain
sample is generated in the ith chain (the chain with 6;; as the leader) using a Gaussian proposal PDF centered at the
current sample of the ith chain.

Fig. 1 presents an illustration of the framework of the proposed TMCMC-based Bayesian model updating algorithm.
Within each iteration of the loop, the model parameters assume diverse values. ABAQUS is used to obtain the
corresponding model responses. Subsequently, the likelihood function is calculated to infer the posterior distribution of
the model parameters. Furthermore, using the TMCMC sampler, samples are generated to estimate the posterior
distribution of the model parameters. The primary objective of Bayesian model updating revolves around the minimization
of errors between the simulated and experimentally measured model responses. This minimization leads the samples

generated by the TMCMC sampler to converge gradually toward the posterior distributions of the model parameters as the



loop iterations continue. For this study, Python scripts are developed and executed using ABAQUS, facilitating the smooth

implementation of the Bayesian model updating framework. This approach provides various benefits such as direct access

to the ABAQUS model and resulting data, and the utilization of Python’s built-in functions and external libraries for

efficient data manipulation. Additionally, ABAQUS offers reliable and efficient solvers for solving the governing

equations of a nonlinear system, along with user-friendly interfaces that enable engineers to configure and conduct

simulations quickly.

Experiment and Finite Element Model

To validate the proposed framework for model updating of steel-concrete composite girder bridges, a case study was

conducted for a large-scale model test of a steel-concrete composite girder bridge. The prototype bridge investigated for

this study exemplifies a continuous steel-concrete composite girder design commonly employed in the construction of

highway and city viaducts. To facilitate the experimentation, a scaled-down model of a real 4 x 40 m steel-concrete

composite girder bridge was used, with a reduction ratio of 1:3. The structural layout and cross-sectional dimensions are

portrayed in Fig. 2. The test girder consisted of two spans with unequal lengths: a longer span measuring 13.14 m and a

shorter span measuring 10.66 m. The composite girder comprised a steel girder and a concrete slab, interconnected by

shear stud connectors. Its total section height measured 731 mm, with the steel girder itself being 626 mm in height and a

partially haunched concrete slab ranging in thickness from 85 mm to 105 mm. As illustrated in Fig. 3, the testing procedure

involved the application of concentrated loads using four hydraulic jacks with subsequent static destructive testing. Data

collected during the tests included loads, bearing reactions, structural deflections, and sectional strains. Pressure cells,

linear variable differential transformers (LVDTs), and strain gauges were used, respectively, to measure and record the

reaction forces, deflections, and strains. The locations of the sensors are visible in Fig. 2, where “D” and “S” respectively

stand for displacement transducer (or LVDT) and the cross-section for installing strain gauges.

A 3D FE model of the test girder was developed using ABAQUS, incorporating all relevant structural characteristics.

As illustrated in Fig. 4, the steel girder and stiffeners were modeled using shell elements, whereas the concrete slab and



plan bracings were represented respectively by solid elements and beam elements. To simulate shear studs along different
directions, three spring elements were used. The axes of the spring elements aligned with the same orientation as the overall
coordinate system. The shear stiffness values in the longitudinal and transverse directions of the bridge were represented
respectively by k. and k., whereas the uplift stiffness was represented by k. For simplicity, both k,x and k,: adopted shear
stiffness k; (reference value 2.2 x 103 N/mm) obtained from push-out testing of headed studs. Similarly, &, used the uplift
stiffness k, (reference value 2.4 x 10° N/mm) acquired from pull-out testing of headed studs. Contact and friction were
defined to simulate the interaction between the concrete and steel flanges. Additionally, coupling constraints were
established between the reference points and the loading surfaces followed by the application of concentrated loads to the
reference points.

For this study, a two-step approach was employed for the FE model updating to improve the parameter estimation
efficiency, as depicted in Fig. 5. By reducing the parameter dimension in each step, this approach is aimed at alleviating
the computational burden associated with the TMCMC sampler, which depends on the parameter dimensions. The initial
step involved constructing the goodness-of-fit function using deflection and strain data followed by model updating to
estimate critical linear model parameters that characterize the linear segment of the constitutive models. Static simulations
were performed using the “Static, General” procedure in ABAQUS, which is based on the Newton—Raphson method. In
the subsequent step, the most probable values (MPVs) of the estimated parameters obtained from the first step were used.
The parameters of interest at this step correspond to the nonlinear segments of the constitutive model. Load—deflection
curves were employed to establish the goodness-of-fit function. Nevertheless, when dealing with complex nonlinear
problems, the “Static, General” procedure becomes time-consuming and might give rise to convergence issues. In
consequence, in the second step, quasi-static simulations were conducted using the “Dynamic, Explicit” procedure in
ABAQUS. Unlike the “Static, General” procedure, the “Dynamic, Explicit” procedure determines the solution without
iteration by explicitly advancing the kinematic state from the previous increment. A key requirement for achieving a quasi-
static solution in ABAQUS/Explicit is to maintain a small ratio of kinetic energy to the internal energy of the control

system (usually controlled within 5%) (Dassault 2021). It is noteworthy that the quasi-static solution in ABAQUS/Explicit
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is slightly less accurate than the iterative solution provided by ABAQUS/Standard for static problems, but its computational

accuracy is acceptable for most engineering problems.

In this study, the linear model update in the initial step and the subsequent nonlinear model update took 38 hours and

282 hours, respectively (processor information: i19-9900KF CPU@3.60GHz). The computational time for the Bayesian

model update process is contingent on both the solution time of a single simulation and the number of samples taken. As

the dimensionality of model parameters increases, an increased number of samples becomes necessary. Consequently, the

two-step model updating approach employed improves efficiency by reducing the dimensionality of the model parameters

in each model update step.

Update of the Linear Model Parameters

Goodness-of-fit Function for Model Updating

The initial step of the model updating process entails estimation of the linear model parameters which mainly pertain to

material properties and steel-concrete connections, given their strong effect on structural mechanical behavior. As depicted

in Fig. 2(a), the process of updating the parameters of the linear model involved using observations from 13 deflection

sensors (D1 to D13) and longitudinal strain data obtained from two sections (S1 and S2). Notably, among the 13 sensors,

D1, D7, and D13 sensors were positioned at the support locations. These sensors played a crucially important role in

calibrating the measurements obtained from the other 10 sensors. The calibration process was aimed at elimination of any

potential displacement caused by the rigid body displacement of the supports during the test. To estimate the important

property of the steel—concrete composite girder, specifically the equivalent neutral axis height, the strain data for the section

in the linear state, as depicted in Fig. 2(c), was used. Accordingly, in the process of model updating, only the calibrated

deflection data from these ten sensors and the neutral axis heights acquired from two cross-sections were employed. In

this step, the goodness-of-fit function was established using the experimentally measured data obtained under a 50 kN load

for each jack, considering the linear elastic state exhibited by the structure under this load condition.



To assess the effects of model updating with different data types, two groups of data types were examined: Group 1
relied solely on deflection data, whereas Group 2 integrated both deflection and neutral axis height data.

For Group 1, the goodness-of-fit function to be minimized is expressed as shown below.

Np=10[5,(8) — 5;]°
IMOEDY [ii—ﬁ @®)

¥
i=1 61'

For Group 2, the goodness-of-fit function to be minimized is expressed as presented below.

Np=1015,(0) — 8;]° Ng=2[h;(8) — h;]?
IMOEDY F%r%+z [il—ﬂ ©

i=1 j=1 h;
where 6;(0) and h;(@) respectively denote the deflection and neutral axis height, derived from the FE model with
uncertainty in the multidimensional vector @ which represents the model parameters to be updated. The corresponding

measured values are represented as 6; and h;. Due to the absence of explicit information regarding the weights assigned

to errors associated with deflection and strain, equal weights are assigned to these two sources of measured data in Eq. (9).

Selection of Updating Parameters

The material properties which exert the most significant influence are the elastic modulus of concrete (E.), the elastic
modulus of reinforcing bar (E£,), and the elastic modulus of steel (Es). Moreover, the behavior of the steel-concrete
connection is influenced by the shear stiffness (k;) and the uplift stiffness (k) of stud connectors. Consequently, these five
parameters were chosen initially as potential candidates for updating parameters. This study encompasses a thorough
examination of sensitivity on the initial FE model to scrutinize the diverse effects of individual parameters on response
indicators. Given spatial constraints, only the sensitivity analysis conclusions are presented in this section. The sensitivity
analyses unveiled a notable discrepancy in sensitivity between the elastic modulus of steel and reinforcing bars, with the
former displaying considerably higher sensitivity. Furthermore, the sensitivity analysis revealed that the shear stiffness of
studs exhibited greater sensitivity when contrasted with the uplift stiffness of studs. As a result, the selected parameters for
the update comprise the elastic modulus of concrete (E.), the elastic modulus of steel (E;), and the shear stiffness of stud

connectors (k).



Results and Discussion

The samples obtained during the last sampling step form a posterior distribution of model parameters. By analyzing the

posterior distribution, the model parameters associated with the highest probability, representing the global minimum of

the goodness-of-fit function, are identifiable as the optimal values. These optimal model parameters are commonly known

as the most probable values (MPVs).

A comparison between the MPVs of model parameters and their corresponding reference values is presented in Table

1. Additionally, Table 2 offers a summary incorporating the measured responses from the experiment, simulated responses

derived from the initial model, and updated responses obtained through the application of the MPVs of model parameters.

Fig. 6 and Fig. 7 exhibit histograms depicting the samples for each model parameter, thereby illustrating the corresponding

marginal posterior PDF. This approach is chosen to address the difficulty in visualizing the joint posterior PDF directly

within high-dimensional spaces.

From Table 1, it is readily apparent that Group 1 estimated the elastic modulus of steel to be 0.83 times the reference

value, whereas the elastic modulus of concrete was determined to be 1.79 times the reference value. Conversely, Group 2

deduced the elastic modulus of steel and concrete to be 0.91 and 1.11 times their respective reference values. Additionally,

both Group 1 and Group 2 demonstrated the shear stiffness of studs aligned with the reference value in terms of their order

of magnitude.

According to the data presented in Table 2, the initial FE model exhibited deflection and neutral axis height values that

were smaller than the corresponding experimentally obtained values. However, after updating the model, a considerable

decrease in the discrepancy between the simulated and experimentally obtained deflections was observed for both Group

1 and Group 2. More specifically for Group 2, the deflections predicted by the model for the longer span (D2 to D6) tended

to be slightly lower than the corresponding experimentally obtained values. However, for the shorter span (D8 to D12),

they tended to be slightly higher, with the exception of sensor DS. It is noteworthy that comparison of Group 1 and Group

2 showed a noticeable deviation of 8.38% in the calculated neutral axis height for Group 1 from its corresponding

experimentally obtained value. Conversely, after considering the error in the neutral axis height in the goodness-of-fit

12



function, the simulated neutral axis height for Group 2 after updating differed from the experimentally obtained value by

only -0.04%, as expected.

The trend which can be observed in Fig. 6 and Fig. 7 demonstrated that the posterior PDFs for the elastic modulus of

steel, the elastic modulus of concrete, and the shear stiffness of studs in Group 1 portrayed a wider distribution in contrast

to those in Group 2. This finding suggested the existence of numerous combinations of model parameters with comparable

frequencies within the samples resulted in error-reduced values of the goodness-of-fit function. This observation

underscored that exclusive reliance on deflection data was inadequate for discerning the individual stiffnesses of steel and

concrete in the linear elastic state of the composite girder. Instead, it primarily reflected the collective stiffness of the

composite section. However, by adding information about the height of the neutral axis to the data, the ill-conditioned

problem can be constrained properly, and the modulus of elasticity of steel and concrete can be identified independently.

In Group 2, the slight reduction in the updated modulus of elasticity of steel compared to the reference value can be

attributed to the potential impact of initial defects. The thin steel plates used, particularly the thinnest web plate with a

thickness of only 4 mm, were susceptible to residual deformation during the welding process. These defects may have

contributed to a reduction in the flexural stiffness of the steel beam. Given the heterogeneous nature of concrete and its

considerable variability in elastic modulus, a marginally higher updated elastic modulus than the reference value is deemed

acceptable.

Update of the Nonlinear Segment of Constitutive Models

Once the linear model parameters have been updated, the MPVss extracted from the posterior distributions in Group 2 are

inserted into the corresponding linear sections of the constitutive model for the elastic modulus of steel, concrete, and shear

stiffness of studs. These models are subsequently used in the second step of the model updating process.

Nonlinear Material Constitutive Models

The concrete damaged plasticity (CDP) model, which is widely recognized for its robustness in analyzing concrete

behavior, is commonly used in related studies (Minh et al. 2021). For this study, the CDP model was used to characterize
13



the nonlinear behavior of concrete. The stress—strain curves from fib Model Code 2010 (MC2010) were employed to
develop the constitutive model for concrete. Fig. 8 depicts the damaged plasticity model of concrete under compression
and tension. The constitutive laws are visualized as thick solid lines, whereas the unloading and reloading branches are
presented as thin dashed lines. In these figures, f.» and f;, respectively denote compressive and tensile strengths, whereas
&em and &, represent their corresponding strains. The secant modulus, also known as Young’s modulus, is represented
by E,. Additionally, the variables d. and d, respectively correspond to compressive and tensile damage. In Fig. 8(a), "
and &¢' respectively represent the crushing and elastic undamaged components of strain, whereas &? ! and e8! represent
the plastic and elastic damaged components. Similarly, In Fig. 8(b), e* and &g} respectively denote the cracking and
elastic undamaged components of strain, whereas ef ' and ef' respectively signify the plastic and elastic damaged

components. The parameters of the yield function and flow potential in the CDP model are summarized in Table 3.

The uniaxial compressive stress—strain law of concrete is expressed by Eq. (10) to Eq. (13).

ocy = Eoe, & < feo/Eo (10)

Ec Ec 2
Ecim—\o =
fem \ecm

Oc2) = Wﬁm, feo/Eo < & < &cm (11
_ (2YeSemEem _ edve)
Oc(3) = ( T VeEe + 28cm) , & > Eem (12)
2 fome gP!
Ye = S b=7& (13)

2>
Geh_ _ fem
z[leq 0-5fcm(€cm(1 b)+b Fo )]

In terms of uniaxial tensile behavior, the ratio between tensile stress a,(w) (for crack width w), and maximum tensile

strength f;,, can be expressed as

3 w
o) _ [1 + (cl K) ] e W — (14 cPe (14)
ftm c WC
w
& = &m + i (15)
eq
Gp
W, = 5.14 - (16)
fem



Additionally, the ratio between crushing and fracture energies can be assumed as G, = (2—:)2 Gr. For a detailed
understanding of the interpretation and value of each parameter in the formulas above, readers may turn to the references.

Alfarah et al. (2017) introduced a novel methodology for ascertaining the evolution of damage variables in the CDP
model. That study also provided closed-form expressions for the compressive and tensile damage variables, derived from
the concrete constitutive laws described earlier. To implement this methodology, an iterative algorithm was developed
using Python scripts. Upon achieving convergence, the resultant output curves illustrating the correlation between
compressive/tensile stress and damage variables in relation to crushing/cracking strain, were used for Bayesian model
updating.

The uniaxial stress—strain curve of steel and reinforcing bars was characterized using a simplified version of the

quadratic plastic flow model (Shi et al. 2011), as illustrated in Fig. 9.

Ese gy
fy &y <& =< kqg,
o= y E;(1—ks3) e Yk < hoe K _fu 17
3fy+£y(kz——kl)2 £ — Zgy) 1£y<£_ 2€y, 3—E

Within this model, &, denotes the yield strain, E represents the elastic modulus, and f,, and f,, respectively stand for
the yield strength and the ultimate strength. Parameters k1, k>, and k3 are used to control the shape of the constitutive curve,
with specific values of k1=4.5 and k,=45.

The shear force—relative slip curve of stud connectors, as depicted in Fig. 10, was characterized by the simplified
expression proposed in an earlier report (Ollgaard et al. 1971). This expression was derived from push-out test results of
headed studs as presented below.

V =1V,(1— e 0715)04 (18)
where V represents the shear force, s denotes the relative slip (in millimeters), and V, signifies the ultimate bearing capacity

of the studs.

Goodness-of-fit Function for Model Updating

In the nonlinear stress state of a composite girder, the assumption that the sectional strain conforms to the plane section no
15



longer holds. First-order linear regression of strain to determine the height of the neutral axis becomes implausible.

Moreover, the presence of plasticity within the section introduces significant variations in the measured strain patterns at

different heights. Even for the same section height, there might exist a notable dispersion of strain data at symmetrical

section locations. In consequence, for updating the nonlinear model, load—deflection curves obtained from static loading

tests were used to establish the goodness-of-fit function, instead of relying on strain measurements. Specifically, regarding

deflection information, it is possible to ascertain the individual stiffnesses of steel and concrete under nonlinear stress

conditions while considering the different nonlinear constitutive models associated with the respective materials.

The goodness-of-fit function used for updating the nonlinear model is defined as shown below.

Ny N 5™ (0)\*
J4(6) = Z 2 (1= sTest (19)
i=1 j=1 i,j
where 65 ]-EM (8) represents the deflection obtained from the FE model under an uncertain parameter vector 6. Also, 551?“

denotes the measured deflection. N represents the number of sensors. N; denotes the number of scatter points for a

load—deflection curve.

Selection of Updating Parameters

The selected constitutive model of concrete reveals that the nonlinear segments of compressive behavior are affected by

both compressive strength and crushing energy, whereas the nonlinear segments of tensile behavior are affected by tensile

strength and fracture energy. Moreover, once the concrete strength grade is established, correlation can be found between

compressive and tensile strength, and between crushing energy and fracture energy. Therefore, accurate determination of

the stress—strain relation for concrete requires the updating of two parameters: tensile strength and fracture energy.

Similarly, determining the nonlinear segment of the steel’s constitutive model requires consideration of two parameters:

yield strength and ultimate strength. Because the shear force—relative slip relation of the stud was based on an empirical

formula, it can be used directly by adjusting its linear segment with shear stiffness derived from the first step of model

updating. As a result, the initial candidates for updating parameters in the second step of model updating include the tensile
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strength (f») and the fracture energy (Gy) of concrete, the yield strength (f;,) and the ultimate strength (f5.) of steel, as well

as the yield strength (f,,) and the ultimate strength (f-,) of reinforcing bars.

The initial reference material properties of concrete and steel are summarized in Table 4. It is noted that the data

highlighted in bold in Table 4 represent values obtained from material coupon tests, while the remaining data were extracted

from design codes. The choice to use the MC 2010 code values instead of the directly tested material property values for

concrete was driven by limitations in the test conditions. Furthermore, individual measurements from the material coupon

tests were omitted and the design code values were used instead, as the variability in the elastic moduli of steel specimens

was minimal.

The sensitivity analysis results indicated that the ultimate strength of steel, as well as the yield strength and the ultimate

strength of the reinforcing bar, had only a minimal effect on the load—deflection curves. On the other hand, other

parameters such as the tensile strength and fracture energy of concrete, along with the yield strength of steel, exhibited

greater sensitivity. Therefore, they took priority in the updating process. Consequently, the final set of parameters selected

for the nonlinear model updating includes the tensile strength of concrete (fi»), the fracture energy of concrete (Gy), and

the yield strength of steel (f;,).

Results and Discussion

Fig. 11 portrays histograms depicting the samples of nonlinear model parameters, offering a visual representation of their

posterior distributions. Table 5 presents a comprehensive analysis by comparing the MPVs obtained from the samples with

their corresponding reference values.

The results indicated that the tensile strength of the concrete decreased to around 34.5% of its initial value, whereas the

yield strength of the steel was approximately 92.2% of its initial value. The fracture energy of concrete demonstrated no

discernible changes compared to the initial value. Fig. 12 and Fig. 13 visually present the updated nonlinear constitutive

models of concrete and steel by adopting the MPVs of model parameters. Importantly, Bayesian model updating yields



parameter estimations in the form of distributions, rather than a singular optimal value. Accordingly, substituting different

parameter samples engenders the generation of a diverse range of constitutive models, each with varying probabilities.

Material tests were conducted to find the compressive strength and modulus of deformation of concrete using prism

specimens with dimensions of 150 mm x 150 mm x 300 mm. The obtained values for the compressive strength and

modulus of deformation were 37.9 MPa and 35,300 MPa, respectively, both of which were below the reference values

specified in the design code. Fig. 12 also presents the constitutive model of concrete derived from these material test values

according to MC 2010. The notable decline in the updated concrete strength value can attributed to the fact that the

compressive strength of concrete specified in the design code is a target strength. The standard compressive strength of

cylinders tested in experiments would vary from the target strength naturally due to material variability. Additionally, the

standard compressive strength values obtained from material testing of a cylinder would not have the same strength

observed for the full member. Moreover, the combined effect of the steel-concrete composite cross-section led to the

restraint of concrete shrinkage by the steel beam. This caused the concrete slab to undergo tensile forces, making it

susceptible to developing shrinkage cracks during the curing process. The existence of initial microcracks may have

diminished the tensile properties of the concrete in the negative moment zone, consequently causing a substantial reduction

in the updated nominal tensile strength of concrete. However, as shown in Fig. 13, the difference in constitutive models of

steel before and after model updating was small compared to those in the constitutive model of concrete. The model update

results discussed above revealed that diverse initial defects occurring during the construction of complex bridge structures

may result in a decrease in model parameter values. The phenomenon of strength reduction in full members is also observed

in many other experiments. Therefore, the material properties of a concrete cylinder should not be directly applied to

member strength but with a reduction in strength.

Fig. 14 presents results of a comparative analysis of load—deflection curves obtained from two sensor locations (as

depicted in Fig. 2(a)) before and after model updating. The legend differentiates between the simulation results before and

after model updating, labeled as “initial” and “updated” respectively, whereas the measured load—deflection curves from



the experiment are denoted as “test”. Furthermore, the load—deflection curve is flanked by two scatter plots on its left and

right sides, visually illustrating the relative error between the measured deflection and the corresponding simulated

deflection after and before model updating at each load level. The red-filled area and the green-filled area represent relative

errors within £10%. Table 6 presents the average relative errors of the load—deflection curves at various sensor locations,

both before and after model updating.

The analyses presented in Fig. 14 and Table 6 clarified that the initial FE model had more error initially to represent

the plastic behavior of the structure accurately, particularly for the longer span. It is noteworthy that the simulated

deflection values of the plastic section in the load—deflection curve, as derived from the initial model, exhibited

discrepancies exceeding -10% when compared to the experimentally obtained deflection values. Furthermore, these errors

tended to diverge with increasing load levels in Fig. 14. However, following the nonlinear model updating process, the

simulated load—deflection curves closely mirrored the measured data, highlighting remarkable improvement in the model

accuracy. Moreover, the relative errors between the measured and updated deflection values remained consistently below

+10% at each load level throughout the nonlinear stage, thereby underscoring the updated model’s ability to forecast the

behavior of the structure more closely. Whereas certain sensor locations within the shorter span of the specimen displayed

a slight increase in errors after model updating in Table 6, the cumulative error across all sensor locations decreased

considerably for the longer span, indicating marked improvement of the overall model accuracy.

In Fig. 14, it is readily apparent that the relative error between the simulated load—deflection curves and the measured

curves was significant in the linear section. This discrepancy stemmed from the large ratio of kinetic energy to the internal

energy of the system during the initial phase, caused by the collision effect when solving for the quasi-static process using

ABAQUS/Explicit. The kinetic and internal energy values were both small during this phase, which led to a large deviation

in the initial stiffness of the simulated load—deflection curve. To address this deviation and ensure simulation accuracy,

ABAQUS/Standard was used for the present study to conduct static simulations for updating the linear model parameters

in the first step.



Model Verification

To evaluate the effectiveness of implementing the model update for assessment of structural performance, the updated FE

model discussed earlier was used to simulate load—strain curves of both concrete and reinforcing bars. Subsequently, a

comparison was made between these simulated results and the measurements obtained from static loading tests. Fig. 15

presents a visual comparison of load—strain curves of concrete at cross-sections S1 and S2, obtained both before and after

model updating, with the corresponding strain gauge positions labeled in Fig. 2(c). Similarly, Fig. 16 depicts a comparison

of'load—strain curves of reinforcing bars before and after model updating at the cross-section 730 mm from the intermediate

support: S1 is the strain in the cross-section of the longer span; S2 is the strain in the cross-section of the shorter span. The

simulated load—strain curves for both the concrete and reinforcing bars demonstrated improved accuracy and similarity to

the measured data following model updating. Fig. 15 unveils that although the general trend of the experimentally obtained

data from strain gauges positioned symmetrically across the deck width in cross-section (i.e. S1-C1-test and S1-C2-test)

remained consistent, the strain values measured by the two strain gauges were not exactly identical. Unlike deflection,

which provides an overview of the structure’s mechanical behavior, strain reflects localized mechanical behavior at specific

points in the cross-section. Because of its inherent nature, strain values often exhibit significant fluctuations leading to

unsatisfactory symmetry between strain values at symmetrically installed sensors. Drawing from the considerations

presented earlier, the produced goodness-of-fit function for nonlinear model updating only accounted for the deflection

error between simulated and experimentally obtained data, while neglecting the strain error. Observations from Fig. 16

indicated that the reinforcing bars in the S1 and S2 cross-sections had not yet reached yield. Both experimental and FE

simulation results showed that once plasticity developed at the cross-section of the intermediate support, the composite

beam reached its ultimate stress state due to local buckling of the steel beam, which restricted further plasticity

development. This explains why the reinforcing bars in the S1 and S2 cross-sections did not reach yield.
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Conclusions

For this study, we proposed a two-step Bayesian model updating approach to specifically examine the update of nonlinear

constitutive models for the steel-concrete composite girder bridge using static responses. The primary objective was to

strike a balance between computational efficiency and simulation accuracy in updating complex FE models. The first step

involved construction of a goodness-of-fit function based on deflection and neutral axis height data. Following that, model

updating was conducted to estimate the essential linear model parameters which describe the linear segment of the

constitutive models. In the subsequent step, the MPVs of the estimated parameters obtained from the first step were used.

Load—deflection curves were employed to construct the goodness-of-fit function for estimating the key parameters which

characterize the nonlinear segments of the constitutive models. The feasibility of this approach was verified by

implementing a framework in ABAQUS for developing a 3D FE model of a large-scale steel-concrete composite girder

bridge. Based on findings from the case study conducted for this investigation, the following conclusions can be drawn.

1. The updated parameter results revealed that exclusive reliance on deflection data was inadequate to differentiate between

the individual stiffnesses of steel and concrete in a linear elastic state of the composite girder. However, by augmenting

the data with knowledge about the neutral axis height, it was possible to distinguish the modulus of elasticity of steel

and concrete separately. Given that solving inverse problems can often yield nonunique or even unidentifiable solutions,

deterministic model updating methods, which specifically identify a single solution while disregarding other potential

solutions, have limitations when compared to probability-based methods.

2. Limitations of the initial FE model in accurately capturing the plastic behavior of the structure were evident. Nonetheless,

using Bayesian model updating, the simulated load—deflection curves exhibited a close alignment with the measured

data, highlighting their marked improvement in model accuracy. The discrepancy between the simulated and measured

load—deflection curves for the linear section can be attributed to the large ratio of kinetic energy to internal energy

caused by the initial collision effect of the quasi-static process solution. Therefore, the two-step model updating
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approach, which emphasized updating the linear model parameters in the first step, became crucially important for

addressing this issue.

3. The load-strain curves simulated by the updated FE model demonstrated improved accuracy and a closer resemblance

to the measured data for both the concrete and reinforcing bars. These results affirm the effectiveness of the two-step

model updating approach, indicating that the updated model can represent the static structural response of the steel—

concrete composite girder accurately. Moreover, this approach holds promise for broader application in structural model

updates for various types of structures, provided nonlinear stress state data are available.

4. Results of a comprehensive case study confirmed the proposed two-step Bayesian model updating approach as effective

for improving the assessment of structural performance of real-world bridge structures. With continued advances in

computation performance, the use of a 3D FE model incorporating the updating of sophisticated nonlinear constitutive

models shows great potential for application to model-based structural health monitoring and near real-time assessment

of structural performance.

5. However, the proposed method still has limitations in obtaining structural response data for the material’s nonlinear

regime. This is because actual structures primarily operate in a linear elastic stress state. Nevertheless, even if only data

from the linear elastic regime is available, it can still be used to update the model parameters. Once updated, the model

can then be used to help predict nonlinear structural responses.
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Table 1. Comparison between MPVs and reference values.

Group 1 Group 2
Model parameter Reference value - -
Updated Ratio Updated Ratio
E;(MPa) 2.06 x 103 1.72 x 10° 0.83 1.87 x 10° 0.91
E.(MPa) 3.45 x 10* 6.17 x 10* 1.79 3.83 x 10* 1.11
ks (N/mm) 2.20 x 103 2.03 x 10° 0.99 1.43 x 10° 0.96
Note: Ratio for Es and E. is updated value (8%)/reference value (67)
Ratio for ks is logo0%/log,,6"
Table 2. Comparison between measured and simulated responses (Unit: mm).
. Initial Analysis Group 1 Group 2
Observation Measured -
Simulated Error Updated Error Updated Error
D2 -2.10 -1.86 -11.24% -2.00 -4.52% -2.02 -3.70%
D3 -3.57 -3.29 -7.94% -3.55 -0.75% -3.58 0.08%
D4 -4.13 -3.79 -8.07% -4.11 -0.54% -4.13 0.14%
D5 -3.11 -2.81 -9.75% -3.05 -2.02% -3.06 -1.62%
D6 -1.29 -1.11 -14.34% -1.21 -6.61% -1.20 -6.84%
D8 -0.59 -0.46 -20.99% -0.53 -10.50% -0.52 -12.21%
D9 -1.47 -1.39 -5.77% -1.54 4.69% -1.53 4.30%
D10 -1.93 -1.88 -2.39% -2.08 7.69% -2.08 7.82%
D11 -1.73 -1.60 -1.71% -1.76 1.41% -1.76 1.76%
D12 -0.96 -0.92 -3.75% -1.01 5.48% -1.01 5.98%
D Avg. - - -9.19% - -0.57% - -0.43%
h 542.41 531.75 -1.96% 587.85 8.38% 542.20 -0.04%

Note: Sensors D1, D7, and D13 were installed at the supports, measuring rigid body displacements requiring calibration.
As aresult, the calibrated deflection value was exactly zero. & represents the distance from the bottom of the lower flange.

1 Np 51'(9)—5;

The average relative error of deflection € = N_Zi=1 5 where 6;(0) and &§; respectively represent the deflection
14 i

derived from the FE model and the corresponding measured deflection; Here, N, denotes the number of displacement

transducers, with N, = 10.

Table 3. The parameters of the yield function and flow potential in the CDP model.

Dilation Angle Eccentricity Opo/0co K. Viscosity Parameter
30° 0.1 1.16 0.667 0.0001

Note: a,9/0.0 is the ratio of initial equibiaxial compressive yield stress to initial uniaxial compressive yield stress; K,

is the ratio of the second stress invariant on the tensile meridian.
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Table 4. Initial reference values for material properties.

em » (N/mm?) | Gy (N/
Material Grade | E(Nmm?) | " Jon NIy | G (Nmm) |y | (N/mm2)
(N/mm?)
Concrete C50 353 37.9 3.53 0.147 -
Steel
Q420 206 - - - 441.2 603.6
(0 =13 mm)
Rebar
HRB400 200 - - - 399.8 602.5
(d=12 mm)

Note: Data shown in bold represent measurements obtained from material coupon tests, while the remaining are extracted
from the design codes.

E, Elastic modulus; fin, Compressive strength; f;,, Tensile strength; Gy, fracture energy; f;, yield strength; £, ultimate
strength.

C50 denotes a target compressive strength of concrete cubes at 50 N/mm?, while Q420 and HRB400 represent target yield
strengths of 420 N/mm? and 400 N/mm?, respectively.

Table 5. MPVs of nonlinear model parameters.

Scenario Tensile strength of concrete Fracture energy of concrete Yield strength of steel
(N/mm?) (N/mm) (N/mm?)
Initial 3.528 0.121 440.0
Updated 1.218 0.122 405.7

Table 6. Average relative errors at different sensor locations (%).

Location | Initial | Updated | Difference
D2 14.73 4.67 10.06|
D3 13.77 3.39 10.38]
D4 14.53 3.59 10.94]
D5 15.12 3.92 11.20]
D6 23.27 11.02 12.25]
D8 13.16 7.97 5.19]
D9 7.23 8.82 1.591

D10 6.64 8.51 1.871
D11 7.04 8.18 1.141
D12 6.03 11.41 5.387

2
iLj

FEM
Na (1 - W) , where Ny denotes the number of scatter points for a load—
ij

. _ 1
Note: Average relative error e; = N—Z =1
d

deflection curve.
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